The primary objective of this study is to analyse the impact of human capital accumulation on productivity growth in a sectoral approach. In our estimations, we followed a specifi c taxonomy to identify the features of output and employment growth tendencies in four different labour-skilled branches in OECD countries. Besides determining the differences of output and labour structure by standard descriptive statistics, we used a dynamic panel regression method to investigate the connection between physical and human capital, employment, and productivity growth in each sector. All in all, we found an increasing role of human capital (HC) from the period between 1985 and 2007. Analysing the time series panel data of these countries, our results also yield valid relationships between the level of education and productivity growth.
INTRODUCTION
The contribution of labour to economic growth became especially popular in historical research after the rise of human capital theories advocated by Schultz (1961) and Becker (1964) , and growth theories first formalised by Solow (1956) . Later, as Nakamura (1981: 263) remarks, historians have tended to feature this human factor as the central and critical instrument for the achievement of progress and the betterment of our life, and he defines human capital as "labour, managerial skills, and entrepreneurial and innovative abilities -plus such physical attributes as health and strength."
Following the human capital (HC) revolution, a dichotomy took place in empirical models. In the 1980s, scholars mostly used the same proxies of HC in their work. It is often implicitly referred to as formal and informal education. Many social indicators such as educational enrolments, average years of education, and life expectancy became combined under a common term, "human capital". However, HC could also include factors such as the costs of raising children, health costs and ability, etc. (Leeuwen -Földvári 2008; Földvári et al. 2015) .
Economists generally work with relatively easily collectable datasets that consist of a large number of countries to reflect affiliations between human capital and economic growth. From this perspective, the educational stock approach is one of the most popular. An early example of Denison (1967) included HC with categories such as age and education to account for the heterogeneity of labour. Other examinations were based on formal education substituted by enrolment ratios and literacy rates. For example, Ljungberg (2002) utilised historical data to look at this relationship in Sweden, while Nunes (2003) considered the cyclical behaviour of government expenditure on education in Portugal.
Parallel to this approach, other more comprehensive methods such as incomeand cost-based have also been developed. The latter (retrospective) technique is less extensive than the former (prospective) one. The cost-based approach was first developed by Kendrick (1976) : it covered separately all costs of human capital and estimated HC for the USA by tangible (i.e. rearing a child until age 14) and intangible costs (health, safety, education, and the opportunity costs of students attending school, etc.). The prospective method is based on human capital theories that embodied the future earnings of individuals. Le et al. (2003) valued HC as the total income that could be generated in the labour market over a lifetime. Thus, some authors tried to integrate the (dis)advantages of these approaches. For example, Dagum -Slottje (2000) equated the monetary value of a person's human capital with the average lifetime earnings of the population (weighted by the level of HC).
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In our estimations, we follow a specific taxonomy to analyse different labourskilled branches. We assume that productivity growth varies in the performance of employees in each altered sector. Education is commonly defined as an investment that produces knowledge acquisition and increased productivity. However, this concept of education is very reductive, thus we assume that the level of education is one of the determinants that have an impact on economic growth per capita inversely and the direction of correlation depends on the skill intensity of labour in each sector.
The rest of this study is structured as follows. We will first briefly describe the sectoral features of output and employment growth tendencies in each OECD country with common descriptive statistics. Then we will present the results of our dynamic regression models with cross-industry panel data. The growth of HC is measured by the changes of average years of educational attainment to demonstrate how the given level of labour supply and the number of workers engaged 1 might influence directly productivity growth in each sector. The paper ends with some policy implications and a conclusion. Our motivation is not only to suggest a feasible point of reference for policymakers to enhance better productivity growth performance in different sectors, but also to outline further research directions in this sectoral perspective.
INDUSTRY STRUCTURE ANALYSIS AND TAXONOMY
A unique database has been constructed for the analysis of economic and employment growth by the EU KLEMS (2003) Attainment Dataset with the empirical approach of Caselli (2005) . The robustness of our specifications will be tested by samples of the Penn World Table, included in Heston et al. (2006) . Many variables can determine and explain industrial growth performance. In our estimations, we followed van Ark et al. (2003) to identify the features of productivity tendencies. Their approach focused on general labour skills and was defined by educational attainment. In order to establish whether an industry in a particular country was high-, medium-, or low-skilled, the proportion of total employees for each skill group and industry was calculated for each country. 4 The skill levels in Eurostat are based on the International Standard Classification of Education -1976 (from ISCED 0 to 6). Table 1 lists our taxonomy divided into four different groups by labour-skill.
Output and employment growth tendencies in various OECD countries
This section looks at economic performance in the EU-15 and other OECD countries (AUS, CAN, KOR, JPY, and USA) contrasted with new EU member countries between 1980 and 2007, and 1995 and 2007 . Economic growth is defined here as the growth in value added at constant prices (GVA).
As Figure 1 suggests, the greatest growth occurred in the high and high-intermediate-skilled (HS and HIS) branches and the lowest rate of growth was typical in the low-skilled (LIS and LS) industries. However, it appears that higher levels of skills are linked to better economic performance. The same holds in the EU-15 and other OECD countries (the only exception was France and Sweden). Cross country variables ranged from 1% to 12%. However, the output growth varies substantially across countries; the rate of growth is roughly constant over long periods of time in all branches. In smaller EU countries (such as in Hungary), there was a much larger proportion of value added in the high-skilled industries than the EU-15 averages, except for the economic performance of the Czech Republic and Slovakia, where machinery and vehicle industries improved more markedly than the high-skilled industries (Figure 2) . If an industry within a country had a proportion of high skills at 20% higher than the average, it was classified as high skilled. If an industry within a country had a medium skill level higher than 5% above the average proportion of medium skills across all industries, it was classified as medium skill intensive. If on the other hand, neither of these conditions were fulfilled, the industry was classified as low skill intensive.
average annual employment growth rates in the HS and HIS branches, in all examined countries, were greater than in the lower skilled ones. Furthermore, we should also claim that employment growth was controversially negative in several low-skilled (LS) industries, as it was in the EU-15 and other new member OECD countries. The only exception was Malta in the period 1995 -2007 . Moreover, in Hungary, the employment growth in LIS branches was greater than the EU averages, feasibly thanks to the increasing role of machinery industries. Industry structure can be described by using the distribution of value added and employment to the aggregate level of OECD countries. Table 2 represents value added and employment shares of the aggregate OECD performance over three years (1980, 1995, 2007) . In the OECD countries, in 1980, the major proportion of economic growth stemmed from the LS and LIS sectors (40%), but by Table 1 The sectoral taxonomy with ISIC Rev 3 1. High-skilled (HS): Mineral oil refining, coke and nuclear fuel (23) Acta Oeconomica 65 (2015) 2007, the high-skilled sectors were already enjoying the highest share (43%). Although the total distribution position differs across the OECD, we can conclude that the high-skilled branches have achieved better economic growth than the lower ones. When we estimate employment performance, the same tendencies in sectoral shifts also seem to occur. From 1980 to 2007, the employment share evidently increased from 37% to 47% in the HS and HIS branches, but the decreasing employment of low-skilled workers was still higher than in our estimations.
Dynamic productivity changes: an econometric evidence
Now, we focus on a well-known human capital augmented implication. Our starting point is a standard Cobb-Douglas production function. Income at time t can be written as 1 ( )
where Y represents output, A is Total Factor Productivity (TFP), K and L are capital and labour, and H is the stock of human capital. Thus, we assume a con- stant return to scale and the magnitude of (1-α) should correspond roughly to the labour income share in total output, which is close to 2/3 in most countries. All in all, this equation demonstrates how income can be influenced by the accumulation of human and physical capital, technological changes, and employment. We express the role of human capital in this model. Getting Y/L, as output per capita, and the logarithm of equation (1) for the steady state level of productivity and the rate of investment in physical capital s k , the rate of employment growth n, and the level of human capital h. We also assume that g and δ are constant across countries because g reflects the rate of long run technological change and there is no strong reason to expect depreciation rates δ to vary seriously across countries. We also assume that ln[A] = a is constant and it may not differ across countries. Finally, e represents a country-specific shock. Hence, the steady state level of log income per capita at a given time t equals with the following:
Descriptive analysis is only able to detect the direct contribution of structural shifts at industry level to aggregate economic and labour growth performance. After having demonstrated the existence of a systematic relationship between industrial structure of labour and income, we will examine the impact of human capital on economic growth per capita. Taking into account the new endogenous growth theories, our model includes the lagged dependent variables among the repressors. A dynamic specification requires exceptional instrumentation of these lagged endogenous variables, for which we engaged the empirically offered GMM estimators developed by Arellano -Bond (1991) . These methods employ lagged levels of the dependent and predetermined variables as well as differences between the exogenous variables as instruments. In our dynamic model specifications, the economy tends toward long run equilibrium. The extent of economic growth generally affects the rate at which per capita output approaches its steady state value. After taking the first difference of the dependent variable of equation (2), we will test the following formula in each of the altered sectors:
5
The variables refer to the following: the dependent variable Y it is the ratio of real GVA per capita of country i for the period t at a constant price (1995) . The first independent variable refers to the lagged productivity growth and the next 5 Note: Δvar -variable in first differences, Δvar t-1 -lagged differences, ln -in logarithm.
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Acta Oeconomica 65 (2015) one represents the share of investment s k within sectoral output. Thus, n is the average growth rate of labour in each branch, which is also calculated from the KLEMS database. The rate of g and depreciation δ are assumed to be constant (0.05), as in Mankiw et al. (1992) .
6 e is the error term. A simple form of sensitivity analysis is recommended in order to check the robustness of our empirical findings. From this perspective, we examine the sample of years of education attained over the age of 25 from the PWT (2014) 7 and from the Barro-Lee Dataset (2014) . In this case, we follow Hall -Jones (1999) and measure h through the following formula:
where s represents the average years of schooling, and the function φ(s) is a loglinear relation between h and s. Our calculation is based on Casseli's approach (2005:8) , where the function φ(s) is piecewise linear with a slope of 0.13 for s ≤ 4, 0.10 for 4 < s ≤ 8, and 0.07 for 8 < s. The coefficients of long run GVA per capita, investment share s k , and engaged employment n refer to the period between 1980 and 2007. The average years of schooling variables from the PWT (2014) are available per annum, but the BarroLee Database provides figures only for roughly every fifth year for each country. Hence, in order to compare the cross-country time-series of income, physical capital, employment and human capital are generated by averages of the periods between 1980, 1985, 1990, 1995, 2000, 2005 and 2007 . All in all, in both cases we have an unbalanced panel date of the OECD-30 and OECD-20 country group 8 to measure the existing relationship between human capital and long run GDP per capita in different labour-skilled branches.
Tables 3 and 4 represent 9 the corresponding results for the one-step GMM estimators. Although, theoretically, the two-step estimator should be preferred experimentally, both estimations appear to produce similar outcomes and we demonstrated the first one to assess the validity of sectoral comparisons. In the bottom section of these tables we also denoted the results of Arellano-Bond's AR(1) and the Sargan tests to demonstrate the result of autocorrelation and overidentifying restrictions. The significance levels of these tests in all models sug-6 This assumption simplifies the fact that there is no relationship between innovation and human capital. The index of human capital per person is based on years of schooling and returns to education by Psacharopoulos (1994) . gested that the dynamic specification should be preferred (the only exception is HS sector in Table 4 ).
The impact of the lagged GVA per capita, however, is not robust in all of the examined sectors, 10 but there are positive z-statistics in each of them. This affiliation, ceteris paribus, implies the existence of convergence among the examined OECD countries. According to the neoclassical growth theories, as expected, an 10 Lack of significance, in this case, means that changing investment does not indicate productivity growth in this branch at given level of output per capita and other determinants. Note: * Heteroscedasticity robust z-statistics are in parentheses. *** significant at 1%, ** 5%, * 10%, respectively. P-values without an index mean that the coefficient is not significant even at 10%.
Acta Oeconomica 65 (2015) increase in the share of investment within output acts pro-cyclically and has a positive effect on productivity growth in both sectors. Thus, in our results, the employment growth attainment is negatively related to the growth of output per capita in the long run. The coefficients are ranged from circa −0.3% to −1%. However, if employment increases in the high-skill intensive (HS) branches, it might affect productivity growth least of all. In order to test the robustness of our estimation, we measure the impact of education on output per capita in different OECD country groups (Table 3 ) and replace the PWT (2014) time-series with another specific data of Heston et al. (2006) in Table 4 . Essentially, the effect of human capital accumulation on productivity growth does not seem to be large. However, a 1% increase in the level of education results in an increase of productivity changes in the high-skilled (HS and HIS) branches, but the z-statistics is not significant. In the low-skilled Table 4 Dynamic panel regression of real GVA per capita in each labour-skilled sector Notes: * Heteroscedasticity robust z-statistics are in parentheses. *** significant at 1%, ** 5%, * 10%, respectively. P-values without an index mean that the coefficient is not significant even at the 10% level.
(LS and LIS) sectors human capital is negatively correlated with productivity growth in both models. 
Notes:
(1) Doornik-Hansen test for multivariate normality. Letters in the upper index refer to significance: *** significance at 1%, ** 5%, * 10%, respectively. P-values without an index mean that the coefficient is not significant even at the 10% level.
Moreover, it is possible that the quality of human capital is linked to employment. Thus, in the high-skilled (HS and HIS) sectors there was a positive, and in the low-skilled (LIS and LS) branches there was a negative correlation, which might directly impact controversially on aggregate productivity (see the correlation matrix of Tables 5-6). From this perspective, additional research is needed. 
CONCLUSION
Our first objective was to analyse employment growth and labour productivity tendencies for the period 1980-2007 in various OECD countries. The industrial structure was described by the distribution of value added and employment growth. In all of the examined countries the highest growth rate of output was in the high-skilled industries. The average annual employment growth rates in the higher skilled (HS and HIS) branches were higher than in the lower skilled (LIS and LS) sectors. The employment share increased in the high-skill intensive branches. All in all, it appears that higher levels of skills are linked to better economic performance. These tendencies anticipate the increasing role of human capital over the next decades; however, in spite of the decreasing demand for low-skilled workers, the proportion of high-skilled employees was still lower in these sectors. The second objective was to examine the relationship between physical and human capital accumulation and output growth per capita. Our dynamic panel regression model yields a valid negative relationship between employment and productivity growth. We find that the high-skill intensive (HS) branches might affect productivity least of all. In consequence, we consider the following government policy suggestion for policymakers. Given that mainstream macro policies aim to promote stable long run economic growth, we could recommend assisting the high-skilled employment branches if this directly affects the economic demand structure. Essentially, the level of human capital is negatively correlated with productivity growth in low-skilled sectors. From this perspective, our analysis suggests that policymakers should try to increase the degree of competition in labour markets by motivating lower-skilled workers to learn more for enhancing better productivity growth.
An additional research direction has also emerged in this study. We argue that the institutional economic perspective is relevant since it extends the achievements and existing frontiers of macroeconomic theories. Although these approaches contend that labour institutions originated assumptions of growth, recently there have been serious debates in order to explain the role of institutions and how their interactions might influence productivity. However, no clear theoretical consensus has yet emerged and several unanswered problems remain. Hence, further research with our sectoral approach could be more fruitful.
